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ACOUSTIC MODEL LEARNING DEVICE
AND SPEECH RECOGNITION DEVICE

This application 1s the National Phase of PCT/JP2009/
052193, filed Feb. 10, 2009, which 1s based upon and claims
the benefit of priority from Japanese patent application No.
2008-118662 filed on Apr. 30, 2008, the disclosure of which
1s 1ncorporated herein 1n 1ts entirety by reference.

TECHNICAL FIELD

The present mvention relates to a learning technique for
constituting an acoustic model.

BACKGROUND ART

Speech recognition technology 1s used 1n a wide variety of
applications such as information input, information retrieval,
speech input support, video indexing, speaker recognition,
personal identification by speech, tone measurement and
environment measurement. In order to enhance the accuracy
of speechrecognition, an attempt has been made to reduce the
cifect of a variation factor caused by a transmission channel,
noise or the like by learning an acoustic model.

FIG. 10 shows a schematic example of an acoustic model
learning device that implements the acoustic model learning
technique disclosed in Non-Patent Document 1 and Non-
Patent Document 2. As shown therein, an acoustic model
learning device 1 includes a speech data storing means 11, a
channel label storing means 12, a speaker independent model
learning means 13, a channel model learning means 14, a
speaker independent model storing means 15, and a channel
model storing means 16.

The speech data storing means 11 stores sample speech
data which 1s acquired through various transmission chan-
nels. The transmission channels mean the varieties of physi-
cal devices which a speech from a speech source such as a
speaker has passed through until the speech is recorded, and
among examples are a fixed phone (including a fixed phone
terminal and a fixed communication line), a mobile phone
(including a mobile phone terminal and a mobile communi-
cation line), a vocal microphone and so on. Hereinatter, the
transmission channel 1s also referred to simply as a channel.

Further, even 1t the content of a speech 1s the same, the
speech as data 1s different depending on whether a speaker 1s
female or male. Likewise, even with the same speech content
and the same speaker, the speech as data 1s different depend-
ing on which of a fixed phone or a mobile phone the speech 1s
recorded through. A speech source, a transmission channel or
the like which has a plurality of different types, the different
types causing a variation to occur 1n the speech, 1s called an
acoustic environment.

The channel label storing means 12 of the acoustic model
learning device 1 stores label data which corresponds to
sample speech data stored 1n the speech data storing means 11
and indicates a channel which the sample speech data has
passed through.

The speaker independent model teaming means 13
receives the sample speech data and the label data from the
speech data storing means 11 and the channel label storing
means 12, respectively, removes a variation component that 1s
dependant on the acoustic environment of a channel from the
sample speech data and extracts only a variation component
that 1s dependant on the acoustic environment of a speaker,
thereby learning a speaker independent acoustic model. In the
following description, the “speaker independent acoustic
model” 1s also referred to as a “speaker independent model™.
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The channel model learning means 14 receives the sample
speech data and the label data from the speech data storing

means 11 and the channel label storing means 12, respec-
tively, and, with respect to each channel, learns an afline
transformation parameter which corresponds to an acoustic
model of the channel. Specifically, the channel acoustic
model can be calculated, based on the assumption that 1t can
be obtained by performing aifine transformation of a speaker
independent model, by learning its parameter. In the follow-
ing description, the “channel acoustic model™ 1s also referred
to as a “channel model”.

Note that the speaker independent model learning means
13 and the channel model learning means 14 perform the
iterattve method described 1n Non-Patent Document 3 1n
cooperation with each other, update the speaker independent
acoustic model and the afline transformation parameter
(channel acoustic model) and, after the iterative method con-
verges, output the definite speaker imdependent acoustic
model and affine transformation parameter.

The speaker independent model storing means 15 recerves
and stores the speaker independent model from the speaker
independent model learning means 13, and the channel model
storing means 16 receives and stores the channel model from
the channel model learning means 14.

According to the acoustic model learming device 1, with
respect to each channel, the afline transformation parameter
specific to each channel can be acquired. Therefore, 1t 1s
considered that, by applying the alfline transformed acoustic
model to the speech data input from any known channel or
executing inverse affine transformation on the speech data, 1t
1s possible to reduce a variation factor due to a channel and
correctly recognize a recognition target.
| Non-Patent Document 1 |
D. A. Reynolds, “Channel robust speaker verification via

teature mapping,” Proc. ICASSP2003, Vol. 11, pp. 53-56,

2003
| Non-Patent Document 2 |
D. Zhu et al., “A generalized feature transformation approach

for channel robust speaker verification,” Proc.

ICASSP2007, Vol. 1V, pp. 61-64, 2007
| Non-Patent Document 3 |

T. Anastasakos et al., “A compact model for speaker-adaptive
training,” Proc. ICSLP96, 1996

DISCLOSURE OF INVENTION

Technical Problem

In the acoustic model learning device 1 shown 1n FIG. 10,
the channel model learning means 14 1s based on the assump-
tion that the speaker independent model learming means 13
can 1gnore a variation component caused by the acoustic
environment of a speaker in order to accurately estimate an
ailine transformation parameter with respect to each channel;
however, the assumption 1s not always valid.

For example, in the case of exemplary sample data as
shown i FIG. 11, speech data through all channels are
acquired for all types of speakers. In this case, because the
speech data that have been uttered by the same type of speaker
through all channels are available, even when 1t 1s unknown
which speaker has uttered the speech, 1t 1s possible to know
how the content ol the speech changes by a change in channel.
The same 1s true 1n the case of comparing a set of speech data
collected for each channel among channels.

However, sample data that can be collected 1s generally not
as perfect as shown 1n FIG. 11. Referring to the example of
sample data shown 1n FIG. 12, the case where a speaker who
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has not uttered any speech 1n some channel exists 1s consid-
ered. In the example shown in FIG. 12, although there is

speech data which 1s uttered by a speaker who 1s “female”
through two channels of “fixed phone” and “mobile phone™,
there 1s no speech data through a “microphone” channel.
Further, although there 1s speech data which 1s uttered by a
speaker who 1s “senior” through two channels of “micro-
phone’ and “fixed phone”, there 1s no speech data through a
“mobile phone” channel. Further, there 1s only speech data
which 1s uttered by a speaker who 1s “male” through a
“mobile phone” channel, and there 1s no speech data through
two channels of “microphone” and “fixed phone™.

In such a case, for a speaker who 1s “female”, for example,
although 1t 1s possible to know how the speech 1s different
between the “fixed phone” channel and the “mobile phone™
channel, i1t 1s 1impossible to know how the speech sounds
through the “microphone” channel.

The same 1s true 1n a set of speech data collected for each
channel. For example, in the example of FIG. 12, the set of
speech data for the “microphone” channel 1s composed only
of the speech data of “senior” and includes the feature of a
senior’s speech. On the other hand, because the speech data of
“senior’ does not exist i the set of speech data for the
“mobile phone” channel, 1t does not include the feature of a
senior’s speech. In such a situation, a variation factor due to a
difference in channel and a variation factor due to a difference
in the type of speaker are mixed, and it 1s thus difficult to
figure out a variation factor due to a difference 1n channel.

Such a situation occurs commonly unless sample data 1s
collected by carefully designing and executing a collection
method. On the other hand, carefully designing and executing,
a collection method takes enormous costs for planning and
acquiring test subjects, which 1s not practical.

The present invention 1s accomplished 1n view of the above
circumstances and provides a technique to learn an acoustic
model with high accuracy even with impertect sample data
and thereby enable speech recognition with high accuracy.

Technical Solution

One aspect of the present invention 1s an acoustic model
learning device. The acoustic model learning device includes
a first variation model learning unit, a second variation model
learning unit, and an environment-independent acoustic
model learning unit.

Using sample speech data acquired through a first acoustic
environment of any one type among a plurality of types, a
difference 1n the types causing a variation in a speech, and a
second acoustic environment of any one type among a plu-
rality of types, a difference 1n the types causing a variation in
a speech, with respect to each type of the first acoustic envi-
ronment, the first variation model learning unit estimates a
parameter defining a first variation model indicating a varia-
tion occurring in a speech caused by the first acoustic envi-
ronment of the each type.

Using the plurality of sample speech data, with respect to
cach type of the second acoustic environment, the second
variation model learning unit estimates a parameter defining
a second variation model indicating a variation occurring in a
speech caused by the second acoustic environment of the each
type.

Using the plurality of sample speech data, the environ-
ment-independent acoustic model learning unit estimates a
parameter defining an acoustic model (environment-indepen-
dent acoustic model) that 1s not specified as any type of the
first acoustic environment and the second acoustic environ-
ment.

10

15

20

25

30

35

40

45

50

55

60

65

4

Those three learning units estimate the respective param-
cters 1 such a way that an integrated degree of fitness
obtained by integrating a degree of fitness of the first variation
model to the sample speech data, a degree of fitness of the
second variation model to the sample speech data, and a
degree of fitness of the environment-independent acoustic
model to the sample speech data becomes the maximum.

Another aspect of the present invention 1s a speech recog-
nition device. The speech recognition device includes a
speech transformation unit that performs, on speech data as a
recognition target acquired through the first acoustic environ-
ment of a given type, mverse transform of the variation 1ndi-
cated by the first variation model corresponding to the given
type among {irst variation models obtained by the acoustic
model learning device according to the above aspect of the
present invention, and performs speech recognition on speech
data obtained by the speech transformation unit.

Another aspect of the present invention 1s also a speech
recognition device. The speech recognition device includes a
speech transformation unit that performs, on speech data as a
recognition target acquired through the second acoustic envi-
ronment of a given type, mverse transform of the variation
indicated by the second variation model corresponding to the
given type among second variation models obtained by the
acoustic model learning device according to the above aspect
of the present invention, and performs speech recognition on
speech data obtained by the speech transformation unait.

Another aspect of the present invention 1s an acoustic envi-
ronment recogmtion device. The acoustic environment rec-
ognition device includes a second speech transformation unait,
a first speech transformation unit, and an 1dentification unit.

The second speech transformation unit performs, on
speech data as a recognition target acquired through the sec-
ond acoustic environment of a given type, inverse transform
of the variation indicated by the second variation model cor-
responding to the given type among second variation models
obtained by the acoustic model learning device according to
the above aspect of the present invention.

The first speech transformation unit sequentially performs,
on speech data obtained by the second speech transformation
unit, inverse transiform of the varnation indicated by each of
first variation models obtained by the acoustic model learning
device according to the above aspect of the present invention
and obtains a plurality of speech data.

The identification unit identifies a type of the first acoustic
environment through which the speech data as a recognition
target has passed by using the plurality of speech data
obtained by the first speech transformation unit and the envi-
ronment-independent acoustic model obtained by the acous-
tic model learning device according to the above aspect of the
present invention.

Note that the implementation of the device according to
cach of the above aspects as a method, a system, or a program
causing a computer to operate as the device 1s also effective as
an aspect of the present invention.

Advantageous Elfects

According to the technique of the present invention, 1t 1s
possible to learn an acoustic model with high accuracy even
with 1mpertect sample data, and 1t 1s thereby possible to
enhance the accuracy of speech recognition.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 1s a schematic view of an acoustic model learning,
device to explain a technique according to the present inven-
tion;
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FIG. 2 1s a view showing an exemplary structure of data
stored 1n a sample data storage unit of the acoustic model
learning device 1n FIG. 1;

FI1G. 3 1s a conceptual diagram of a model that represents a
generative process of speech data;

FIG. 4 1s a flowchart showing a flow of a process 1n the
acoustic model learning device shown in FIG. 1;

FIG. 5 1s aview showing an acoustic model learning device
according to a first embodiment of the invention;

FIG. 6 1s a view showing a speech recognition device
according to a second embodiment of the invention;

FIG. 7 1s a flowchart showing a tlow of a process in the
speech recognition device shown 1n FIG. 6;

FIG. 8 1s a view showing a speech recognition device
according to a third embodiment of the invention;

FIG. 9 1s a flowchart showing a tflow of a process 1n the
speech recognition device shown 1n FIG. 8;

FIG. 10 1s a schematic view of an acoustic model learning,
device to explain an acoustic model learning method accord-
ing to prior art;

FIG. 11 1s a view showing an example of sample speech
data (first example); and

FIG. 12 1s a view showing an example of sample speech
data (second example).
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BEST MODE FOR CARRYING OUT TH
INVENTION

(L]

Elements that are shown as functional blocks for perform-
ing various types of processing in the drawings may be con-
figured by a processor, memory or another circuit as hardware
or may be implemented by a program recorded or loaded to
memory or the like as software. It would be thus obvious to
those skilled in the art that those functional blocks may be
implemented in various forms such as hardware only, sofit-
ware only or a combination of those, and not limited to either
one. Further, only the elements necessary to explain the tech-
nique of the present mvention are shown for easier under-
standing.

Belfore describing specific embodiments of the present
invention, the principle underlying the present invention 1s
described hereinaftter.

FIG. 1 1s an example of a schematic view of an acoustic
model learning device 100 based on the technique according
to the present invention. The acoustic model learning device
100 1ncludes a sample data storage umt 110, a first variation
model learning unit 120, a second varniation model learning
unmit 130, and an environment-independent acoustic model
learning unit 140.

The sample data storage unit 110 stores various sample
speech data (which 1s hereinafter referred to simply as sample
data), and the type of a first acoustic environment and the type
ol a second acoustic environment respectively in which the
sample data 1s acquired in association with one another. The
first acoustic environment has a plurality of types, and a
speech varies by a difference in type. The second acoustic
environment also has a plurality of types, and a speech varies
by a difference in type.

FIG. 2 shows an example of data stored 1n the sample data
storage unit 110. As shown therein, 1n the sample data storage
unmit 110, sample data, a first acoustic environment label A that
indicates 1n which first acoustic environment the sample data
1s acquired, and a second acoustic environment label B that
indicates 1n which second acoustic environment the sample
data 1s acquired are stored 1n association with one another.
The respective first acoustic environment labels correspond
to a plurality of types of the first acoustic environment, and
the respective second acoustic environment labels correspond
to a plurality of types of the second acoustic environment.

For example, 1n the case where the first acoustic environ-
ment and the second acoustic environment are “speaker” and
“channel”, respectively, sample data 1 1s speech data of a
speaker A2 that 1s acquired through a channel B3, and sample
data 2 1s speech data of a speaker Al that 1s acquired through
a channel B2.

The first variation model learning unit 120 estimates, with
respect to each type of the first acoustic environment, param-
cters that define a first variation model indicating a variation
which the first acoustic environment of the relevant type
causes on a speech. When the first acoustic environment 1s a
speaker, for example, each first variation model 1s a variation
model of a speaker.

The second variation model learning unit 130 estimates,
with respect to each type of the second acoustic environment,
parameters that define a second variation model indicating a
variation which the second acoustic environment of the rel-
evant type causes on a speech. When the second acoustic
environment 1s a channel, for example, each second variation
model 1s a variation model of a channel.

The environment-independent acoustic model learning
unit 140 learns an acoustic model that does not depend on any
of the first acoustic environment and the second acoustic
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environment. Such an acoustic model 1s referred to as an
environment-independent acoustic model.

The environment-independent acoustic model learming
unit 140 1s described firstly.

The environment-independent acoustic model learming 5
unit 140 i1nitializes an environment-independent acoustic
model, reads each sample data and the two types of acoustic
environment labels that are stored 1n the sample data storage
unit 110, and updates parameters of the environment-inde-
pendent acoustic model. As the environment-independent 10
acoustic model, known Gaussian mixture model (GMM),
hidden Markov model (HMM) or the like may be used.
Although GMM 1s taken as an example in the following
description, the same operation can be derived also 1n the case
of using another model. 15

In GMM, when the number of mixtures 1s M, parameters
that define a model can be represented by the following
Expression (1).

[Expression 1]
20

(CopZik=12,. .. M) (1)

In Expression (1), u.- and X .- are the average and the vari-
ance of the k-th Gaussian distribution, respectively, and C,-1s
a mixing coelficient (weighting factor) on the k-th Gaussian
distribution.

The 1mitialization of such parameters 1s performed by set-
ting an adequate value to each parameter. For example,
assuming that speech data 1s given in the form of a time series
of feature vectors, “1/M” 1s set to C,, and the average and the
variance of the feature vectors are set to .- and 2., respec-
tively. Hereinafter, the parameter that defines a model 1s
referred to as a model parameter.

By using mel-frequency cepstrum coetlicients (MFCC) as
the feature vectors, speech data with the 1-th first acoustic
environment and the j-th second acoustic environment can be
represented by a time series of feature vectors as shown 1n the
tollowing Expression (2).

25

30

35

[Expression 2]

40
Xi j=(xij, 1, %072, . . . xij, T;) (2)

In the above expression, T, ; 1s the number of frames of
feature vectors.

Next, the first variation model learning unit 120 that learns
the first variation model 1s described.

The first variation model learning unit 120 mnitializes each
first variation model, reads the sample data and the acoustic
environment label A stored in the sample data storage unit
110 and updates model parameters. As the model parameters
of the first variation model, a set of affine transformation
parameters {V,, A.1i=1, 2, ..., N} (N: the number of types of
the first acoustic environment) shown in the following
Expression (3) may be used, for example.

45

50

[Expression 3] 55

x<—Vx+h, (3)

The 1nitialization of the first variation model 1s performed
by setting an adequate value to each parameter. For example,

“V =1, A=0” (1: unit matrix) may be set so that affine trans- 60
formation becomes 1dentity transiformation.

The second varniation model learning unit 130 that learns
the second varnation model iitializes a second variation
model, reads the sample data and the acoustic environment
label B stored in the sample data storage unit 110 and updates 65
model parameters. As the model parameters of the second
variation model, a set of affine transformation parameters

8

W, vli=1, 2, ..., C} (C: the number of types of the second
acoustic environment) shown in the following Expression (4)
may be used, for example.

[Expression 4]

Xe—Wx+v; (4)

The mitialization of the second variation model 1s per-
formed by setting an adequate value to each parameter. For
example, like the mtialization of the first variation model,
“W =1, v=0" (I unit matrix) may be set so that atfine trans-
formation becomes 1dentity transformation.

The first variation model learning unit 120, the second
variation model learning unit 130 and the environment-inde-
pendent acoustic model learning unit 140 estimate the respec-
tive parameters 1n such a way that the integrated degree of
fitness that 1s obtained by integrating the degree of fitness of
the first variation model to sample speech data, the degree of
fitness of the second vanation model to sample speech data,
and the degree of fitness of the environment-independent
acoustic model to sample speech data becomes the maximum.

As the imtegrated degree of fitness, a probability that
sample speech data 1s observed, which 1s represented by the
parameters of those three models, may be used, for example.
The probability 1s described hereimnafter by referring to a
generative process of sample speech data.

FIG. 3 1s a conceptual diagram of a generative model of
sample speech data which represents the event where speech
data 1n which a variation has occurred as a result of passing
through two acoustic environments in the sequence of the first
acoustic environment and the second acoustic environment 1s
observed. First, a speech before the occurrence of a variation
1s generated as a feature vector sequence like “z,, z,, ...,z
according to the probabaility distribution of an environment-
independent acoustic model. The speech passes through the
first acoustic environment of the type 1 (1=1=N) and 1s thereby
transformed as shown in Expression (35) mto a speech “y,,
V., ..., Y7 which 1s different from the original speech.

[Expression 5]

Y:=Vizah (5)

After passing through the first acoustic environment, the
speech further passes through the second acoustic environ-
ment of the type 1 (1=1=C) and 1s thereby transformed as

22

shown 1n Expression (6) into a speech “x,, X,, . .., X, .

[Expression 6]

X =Wysv, (6)
Generally, a speech that can be observed 1s the speech “x,
Koy o ooy X yand “z,, 2, ...,z and “y,, ¥,, ..., ¥, arenot
observable.
In the case of the generative model shown in FIG. 3, the
probability that a given speech data X=(x,, X,, . . ., X;) 18

observed can be represented by the following Expression (7).

|Expression 7]

T M (7)
p(X|0) = ]_[ Z Cp f (X | WiV + WiA; +v;, W,Vi2, V;'TW_?)
=1 k=1

In Expression (7), 0 indicates a parameter of the environ-
ment-independent acoustic model, the first variation model
and the second variation model, which 1s any one of C,, 1.,
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25, Vi Ay W, and v.. Further, f(xlp,2) indicates Gaussian
distribution of the average n and the variance 2.

As the first variation model, the second variation model and
the environment-independent acoustic model are more con-
form to the sample speech data observed 1n a various types of
the first acoustic environment 1 and the second acoustic envi-
ronment ] which are represented by Expression (2), those
models are more accurate. However, because the effect of the
first acoustic environment and the effect of the second acous-
tic environment are mixed in the sample speech data, a model
parameter which 1s calculated to be best fit for the sample
speech data for each of the models lacks in accuracy.

In light of this, the most accurate acoustic model can be
estimated by using the technique of estimating the respective
parameters 1n such a way that the integrated degree of fitness
that 1s obtained by 1ntegrating the degree of fitness of the first
variation model to sample speech data, the degree of fitness of
the second vanation model to sample speech data, and the
degree of fitness of the environment-independent acoustic
model to sample speech data becomes the maximum, which 1s
proposed by the imventor of the present invention. As the
integrated degree of fitness, the probability which i1s repre-
sented by Expression (7) can be used. Specifically, i1 the
parameter 0 of the first varniation model, the second variation
model and the environment-independent acoustic model 1s
estimated 1n such a way that the probability represented by
Expression (7) becomes the maximum, 1t 1s possible to obtain
the most accurate acoustic model.

Therefore, 1n the technique according to the present inven-
tion, each learning unit updates its parameter 0 according to
the following Expression (8).

|Expression 8]

6 = argléna}{z logp(X;; | €) (3)

i,/

In Expression (8), argmax indicates calculating the value
of a variable (which 1s 0 1n this case) in such a way that the
value of a given function 1s maximized. The operation shown
in Expression (8) 1s well known as a maximum likelihood
estimation method, and numerical solution by an iterative
calculation algorithm which 1s known as an expectation maxi-
mization (EM) method may be applied.

Further, the update of the parameter 0 may be performed by
a well known technique such as maximum a posterior1 (MAP)
estimation method or a Bayes estimation method, other than
the maximum likelihood estimation method.

Hereinafter, a flow of a parameter estimation process by the
first variation model learning unit 120, the second varnation
model learning unit 130 and the environment-independent
acoustic model learning unit 140 1n the acoustic model leamn-
ing device 100 1s described hereinatter with reference to the
flowchart shown 1n FIG. 4.

As shown 1 FIG. 4, each learning unit first reads the
sample data, the first acoustic environment label and the
second acoustic environment label from the sample data stor-
age umt 110 (510, S12, S14). The execution sequence of
Steps S10, S12 and S14 1s not limited thereto but may be
arbitrary.

Then, each learning unit initializes the respective model
parameters (S16). Specifically, the environment-independent
acoustic model learning unit 140 1mitializes the parameters
Cr, Ue and 2., the first variation model learning unit 120
initializes the parameters V, and A, and the second vanation
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model learning unit 130 nitializes the parameters W, and v ..
Examples of values which are set to the respective parameters
by the initialization are as described earlier, and detailed
explanation 1s omitted here.

Note that the 1inmitialization 1 Step S16 may be executed
betore Steps S10 to S14. In this case, because sample data
cannot be referred to, the environment-independent acoustic
model learning unit 140 uses a technique such as mitializing
W, and X .- by random numbers.

Then, the environment-independent acoustic model learn-
ing unit 140 updates the parameters C,., |,- and 2,- of the

environment-independent acoustic model according to
Expressions (9), (10) and (11) (518).

[Expression 9]

v ¢ Ti (9)
S5 v
i=1 j=1 t=1
Ck
M N ¢ i
y y TJ Yiikt

k=1 i=1 j=1 =1
|Expression 10]

TU (1 0)

|Expression 11]

(11)

Z Vi Vi AW e = v) = Ay
t=1

A
; =1

_ _ T
Vi I{Wj 1(%‘;‘:‘ — V) — A}

M N ¢ Ty

2 2 2 2 VYike

k=1 i=1 j=1 t=1

Note thaty, ;. in Expressions (9), (10) and (11)1s calculated
in advance according to Expression (12) as the probability of
belonging to the k-th Gaussian distribution of the environ-
ment-independent acoustic model.

|[Expression 12]

C f(xlﬁ | WJV;,u,k + Wj/lj + (12)

vi, WViL Vi W)

Yige = Pl | X, 0) = —

> Crr f g | WiV + WiA; +
k=1

v, W,ViL V/ W)

The update of the parameters of the environment-indepen-
dent acoustic model learning umt 140 1 Step S18 may be
performed once or repeated a predetermined number of times.
Further, a convergence test using the logarithmic probabaility
on the right-hand side of Expression (8) as an index, for
example, may be adopted, and the update may be repeated
until reaching convergence.
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Then, the first variation model learning unit 120 updates

the parameters V, and A, of the first variation model according
to Expressions (13) and (14) (S20).

|Expression 13]

(13)

Tj' N T

L
S:yukrzk V W (-xzﬁ j) ;uk]

i=1 k: =1

Mc‘a

M C Ty (14)
JS: JyU“ER Vi {W (xrﬂ Vi) = A} — ]
k=1 j=1 t=1
VE{ {W (-x:ﬁ j)_‘lf}r
C T
Z 2 Z Vit
k=1 j=11t=1
Note that v, ,, in Expressions (7) and (8) 1s also calculated

in advance according to Expression (12) as 1n the case of the
environment-independent acoustic model learning unit 140.
Further, the number of updating the parameters may be deter-
mined 1n the same manner as in the case of the environment-
independent acoustic model learning unit 140.

Then, the second variation model learning unit 130 updates
the parameters v, and W, of the second variation model
according to Expressions (15) and (16) (S22).

|Expression 13]

T3 VL (15)

TJM(V Vi)™
=1

(N

j*—WJS:

i=l k=

/

T

N M /
yykr(zkv [V (W Xijp — —A;) — ]
IR

i=1 k=1 t=1

L o TH

|Expression 16]

T.

M N  /
ZZZ?’U‘“VE&[ ViHW G = vi) = 4) = ]

k=1 i =1

P

(16)

(i —vi)t

it
J
TU

33 3. Vijke

k=1i=11=1

J

Note that y,,, in Expressions (15) and (16) 1s also calcu-
lated 1n advance according to Expression (12) as in the case of
the environment-independent acoustic model learning unit
140. Further, the number of updating the parameters may be
determined in the same manner as 1n the case of the environ-
ment-independent acoustic model learning unit 140.

The update processing of Steps S18 to S22 1s repeated until
reaching convergence (No 1n S24, S18-). Note that, at the time
of convergence (Yes 1n S24), the parameters of the first varia-
tion model, the second variation model and the environment-
independent acoustic model are respectively output from the
first variation model learning unit 120, the second variation
model learning unit 130 and the environment-independent
acoustic model learning unit 140, and the learning process by
the acoustic model learning device 100 ends.

As described above, according to the technique of the
present invention, the first variation model learning unit 120
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can extract only a variation factor arising from the first acous-
tic environment, and the second variation model learning unit

130 can extract only a variation factor arising from the second
acoustic environment, so that 1t 1s possible to construct accu-
rate acoustic models even with imperfect sample data.
Accordingly, it 1s possible to accurately perform speech rec-
ognition using those acoustic models.

On the basis of the above description, embodiments of the
present invention are described hereinbelow.

First Embodiment

FIG. 5 shows an acoustic model learning device 200
according to a first embodiment of the present invention. The
acoustic model learning device 200 includes a sample data
storing unit 212, a speaker label storing unit 214, a channel
label storing unit 216, a speaker variation model learming unit
220, a channel variation model learning unit 230, an environ-
ment-independent acoustic model learning unit 240, a
speaker variation model storing unit 252, a channel variation
model storing unit 2354, and an environment-independent
acoustic model storing unit 256.

The sample data storing unit 212 stores sample speech data
of a plurality of speakers which are recorded through various
channels.

The speaker label storing unit 214 stores data of a label
indicating each speaker (speaker label) of each of the sample
data stored 1n the sample data storing unit 212.

The channel label storing unit 216 stores data of a label
indicating each channel (channel label) of each of the sample
data stored 1n the sample data storing unit 212.

The sample data storing unit 212, the speaker label storing
unit 214 and the channel label storing umt 216 store the
sample data, the speaker label and the channel label 1n asso-
ciation with one another.

The speaker vaniation model learning unit 220 1s equivalent
to the first variation model learning unit 120 of the acoustic
model learning device 100 shown in FIG. 1. A speaker 1s the
first acoustic environment, and the speaker variation model
learning unit 220 obtains a first variation model with respect
to each speaker. The first variation model 1s referred to here-
inafter as a speaker variation model.

The channel variation model learning unit 230 1s equiva-
lent to the second varniation model learning unit 130 of the
acoustic model learning device 100. A channel 1s the second
acoustic environment, and the channel variation model learn-
ing unit 230 obtains a second variation model with respect to
cach channel. The second variation model 1s referred to here-
inafter as a channel variation model.

The environment-independent acoustic model learning
unit 240 1s equivalent to the environment-independent acous-
tic model learning unit 140 of the acoustic model learning
device 100, and learns an environment-independent acoustic
model which does not depend on any of a speaker and a
channel.

The three learning units estimate the respective parameters
in such a way that the integrated degree of fitness that 1s
obtained by integrating the degree of fitness of the speaker
variation model to sample speech data, the degree of fitness of
the channel variation model to sample speech data, and the
degree of fitness of the environment-independent acoustic
model to sample speech data becomes the maximum. Specific
processing of each learning unit 1s the same as that of the
equivalent learning unit in the acoustic model learning device
100, and detailed explanation thereot 1s omitted.

The speaker variation model storing unit 2352, the channel
variation model storing unit 254 and the environment-inde-
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pendent acoustic model storing unit 256 store the speaker
variation model, the channel variation model and the envi-
ronment-independent acoustic model which are obtained by
the speaker variation model learning unit 220, the channel
variation model learning unit 230 and the environment-inde-
pendent acoustic model learning unit 240, respectively.

The acoustic model learning device 200 according to the
embodiment 1s a concretization of the principle underlying
the present invention and offers the same advantage as that of
the acoustic model learning device 100.

Examples of uses of the acoustic model which 1s obtained
by the acoustic model learning technique according to the
present invention are described hereinafter by using a second
embodiment and a third embodiment.

Second Embodiment

FIG. 6 shows a speech recognition device 300 according to
a second embodiment of the invention. The speech recogni-
tion device 300 includes a channel mput umit 312, a speech
input unit 314, a channel variation model storing umt 324, an
environment-independent acoustic model storing unit 326, a
speech transformation umt 330, and a speech recognition unit
340.

The speech input unit 314 inputs speech data as a target of
speech recognition to the speech transformation unit 330.

The channel mput unit 312 1nputs a label that indicates a
channel through which the speech data that 1s input from the
speech mput unit 314 has passed. Note that the label input by
the channel 1input unit 312 1s data that indicates the type of
channel, and it 1s not limited to a label but may be an arbitrary
name or number as long as a model of each channel stored in
the channel variation model storing unit 324 can be specified.

The channel variation model storing unit 324 1s equivalent
to the channel variation model storing unit 254 1n the acoustic
model learning device 200 shown 1n FIG. 5, and 1t stores the
channel variation model that 1s obtained by the channel varia-
tion model learning unit 230. Specifically, with respect to
cach channel of the type C, the channel variation model
storing unit 324 stores the parameters v, and W, in association
with a label indicating the channel of that type.

The environment-independent acoustic model storing unit
326 1s equivalent to the environment-independent acoustic
model storing unit 256 1n the acoustic model learning device
200 shown 1n FIG. §, and 1t stores the environment-indepen-
dent acoustic model that i1s obtained by the environment-
independent acoustic model learning unit 240.

The speech transformation unit 330 performs transforma-
tion for removing the el

ect by a channel on the speech data
that 1s 1put by the speech mput unit 314. Specifically, the
speech transtormation unit 330 reads the parameters v, and W,
which correspond to the label input by the channel mput unit
312 from the channel vanation model storing unit 324 and
transforms the mput speech data “x,, x,, . . ., X 10 “y,,
V., ...V according to the following Expression (17).

[Expression 17]

W}_l (xr_vj) (

As described earlier, as a result of passing though the
channel of the type 1, the speech data changes as shown 1n the
tollowing Expression (6) which 1s described earlier.

V= 7)

[Expression 6]

X =Wytv; (6)
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As known from comparison between Expression (17) and
Expression (6), the transformation performed by the speech
transformation unit 330 1s equivalent to 1inverse transform of
the effect on a speech which 1s caused by the channel of the
type 1, which 1s shown 1n Expression (6). Spec1ﬁcally, by the
transformation, the effect of the channel of the type j through
which the speech data has passed that 1s input by the channel
input unit 312 1s removed from the speech data that 1s input by
the speech mput unit 314.

The speech transformation unit 330 outputs the speech data
“V,, V-, ...,Y¥, thatis obtained by removing the effect of the
channel to the speech recognition unit 340.

The speech recognition unit 340 reads an environment-
independent acoustic model from the environment-indepen-
dent acoustic model storing unit 326, and performs speech
recognition on the speech data “y,, v,, . . ., vy, from the
speech transformation unit 330 by a known speech recogni-
tion method with use of a dictionary, a language model, a
grammatical rule or the like, which 1s not shown, and outputs
a character string as a result.

FIG. 7 1s a flowchart showing a flow of a process of the
speech recognition device 300 shown 1n FIG. 6. For speech
recognition, the speech recognition umt 340 reads an envi-
ronment-independent acoustic model from the environment-
mdependent acoustic model storing unit 326 (S50). Note that
the processing of Step S50 may be executed at any time before
the environment-independent acoustic model storing unit 326
starts speech recognition.

The speech transformation unit 330 reads speech data from
the speech mnput unit 314 and further reads a channel label that
indicates a channel through which speech of the speech data
has passed from the channel input unit 312 (852, S54). Then,
the speech transformation unit 330 reads parameters of a
channel variation model which correspond to the channel
label that 1s read from the channel mput unit 312 from the
channel varnation model storing unit 324, performs speech
transiformation of the speech data that is read from the speech
input unit 314 and thereby removes the effect of the channel
(S58).

Finally, the speech recognition unit 340 performs speech
recognition on the speech data from which the effect of the
channel has been removed by the speech transformation unit
330 and thereby obtains a character string (S60).

According to the speech recognition device 300 of this
embodiment, because the channel variation model extracts
only the variation component due to the acoustic environment
of a channel, it 1s possible to perform speech recognition of
the speech data as a target of recognition after removing the
elfect of the channel and thereby increase the accuracy of
speech recognition.

Note that, although the effect of the channel 1s removed by
executing afline transformation on speech data by the speech
transformation unit 330 in this embodiment, the same advan-
tage can be obtained by executing equivalent transformation
on an environment-independent acoustic model rather than
the transformation on speech data, as 1s often performed in the
field of speaker adaptation technology of an acoustic model.

It should be noted that the speech recognition device 300 1s
an example 1n which a variation model of a channel which 1s
obtained by the acoustic model learning technique according
to the present invention 1s applied to speech recognition. A
variation model of a speaker which 1s obtained by the acoustic
model learning techmque according to the present invention
may be applied to a speed input device or the like as a matter
of course. In this case also, because the speaker variation
model extracts only the variation component due to the acous-
tic environment of a speaker, 1t 1s possible to perform speech
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recognition of the speech data as a target of recognition after
removing the effect of the speaker, which 1s highly accurate.

Third Embodiment

FIG. 8 shows a speech recognition device 400 according to
a third embodiment of the invention. The speech recognition
device 400 i1dentifies a speaker of an input speech, and 1t
includes a channel 1input unit 412, a speech input umt 414, a
speaker variation model storing unit 424, an environment-
independent acoustic model storing unit 426, a channel varia-
tion model storing unit 422, a second speech transformation
unit 430, a first speech transformation unit 440, and a speaker
identification unit 450.

The channel input unit 412, the speech input unit 414, the
channel varniation model storing unit 422, the environment-
independent acoustic model storing unit 426, and the second
speech transformation unit 430 have the similar function and
configuration as the channel input unit 312, the speech input
unit 314, the channel vanation model storing unit 324, the
environment-independent acoustic model storing unit 326,
and the speech transformation unit 330, respectively, and
explanation thereof 1s omitted.

The speaker variation model storing unit 424 1s equivalent
to the speaker variation model storing unit 252 1n the acoustic
model learning device 200 shown 1n FIG. 3, and stores the
speaker variation model that 1s obtained by the speaker varia-
tion model learming unit 220. Specifically, the speaker varia-
tion model storing unmit 424 stores a parameter set “V., A~
with respect to each of N number of speakers.

In the speech recognition device 400, speech data from
which the effect of a channel has been removed by the second
speech transformation unit 430 1s output to the first speech
transformation unit 440.

The first speech transformation unit 440 reads the param-
cter set “V,, A.” corresponding to each of the N number of
speakers from the speaker variation model storing umt 424,
performs transformation shown in the following Expression
(18) by using each parameter set and thereby acquires the N
number of speech data “z, ;, z, ,, . .

- B Y

+ 9 Zl:‘T " Zz,lj 22!25 + v o+

22

ZZ,T

2

4
. 9 ZN,lj Zstj + v s u ZN,T .

[Expression 18]

I Vz'_l(yr_}"z') (1 8)

As described earlier, as a result of speech production by a
speaker of the type 1, the speech data changes as shown 1n the
tollowing Expression (5) which 1s described earlier.

[Expression 5]

(3)

As known from comparison between Expression (18) and
Expression (5), the transformation performed by the first
speech transformation unit 440 1s equivalent to inverse trans-
form of the effect on a speech which 1s caused by the speaker
of the type 1, which 1s shown 1n Expression (5). Specifically,
if the speech data input by the speech input unit 314 1s uttered
by the speaker 1, the effect by the speaker 1 1s removed from
the speech data by the transformation.

The speaker 1dentification unit 450 calculates the similari-
ties S, S,, . .. S, with the model stored 1n the environment-
independent acoustic model storing unit 426 with respect to
eachotthespeechdata“z, ,z,,,...,7 ; obtained by the first
speech transformation unmit 440. Then, the speaker 1dentifica-
tion unit 450 outputs the number 1 with the highest similarity

Yi=Vz AN
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among the calculated similarities. The speaker of the speech
data that 1s mput from the speech mput unit 414 1s thereby
recognized.

Note that the calculation of the similarities S, by the
speaker 1dentification unit 450 can be made by the following
Expression (19), for example.

[Expression 19]

(19)

M=

S; =

{

T
Ce f(Zis | fics Zg)
—1

P
Il

|

Alternatively, the following Expression (20) 1n logarithm
may be used.

|Expression 20]

T (20)

M
S; = E 10%2 Cof Zir | fe s 2)
=1

=1

FIG. 9 1s a flowchart showing a flow of a process of the
speech recognition device 400 shown in FIG. 8. The process-
ing of Steps S80 to S88 1s the same as the processing of Steps
S50 to S58 1n the speech recognition device 300 shown 1n
FIG. 7, and detailed explanation thereof 1s omitted. In Step

S90, the first speech transtformation unit 440 reads all param-
cters ol the speaker variation model stored 1n the speaker
variation model storing unit 424, and, assuming that speakers
are from a speaker 1 to a speaker N, executes first speech
transformation that removes the effect of the speaker on the
speech data from the second speech transformation unit 430
and thereby obtains the N number of speech data (592). The
speaker 1dentification unit 450 calculates the similarities S1
(1=1 to N) between the N number of speech data obtained by
the first speech transformation unit 440 1n Step S92 and the
environment-independent acoustic model and obtains 1 cor-
responding to the speech data with the highest similarity,
thereby obtaining a recognition result that the speech input
from the speech mput unit 414 1s uttered by the speaker 1
(S94).

According to the speech recognition device 400 of this
embodiment, recognition of a speaker 1s made after removing
the effect of the channel on the speech data by the second
speech transformation umt 430, and it 1s thus possible to
increase the recognition accuracy.

Although the present mvention i1s described above with
reference to the embodiments (and modes for the imnvention),
the present mvention 1s not limited to the above-described
embodiments (and modes for the invention). Various changes
and modifications as would be obvious to one skilled 1n the art
may be made to the configuration and the details of the
present invention without departing from the scope of the
invention.

For example, a program that contains descriptions of the
procedure of the acoustic model learming process or the
speech recognition process according to each of the embodi-
ments described above may be loaded into a computer to
cause the computer to operate as the acoustic model learning
device or the speech recognition device according to each of
the embodiments described above. In this case, a memory
device of a computer, such as a hard disk, may be used as a
storing unit that stores each model.
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INDUSTRIAL APPLICABILITY

The present invention may be applied to a learning tech-
nique for constructing an acoustic model.

The mvention claimed 1s:

1. An acoustic model learning device comprising:

a first variation model learning unit that estimates a param-
cter defining a first vanation model indicating a variation
in a speech for each type of a first environment factor by
using a plurality of sample speech data acquired for each
combination of one of a plurality of types of the first
environment factor and one of plurality of types of a
second environment factor, the first environment factor
being one of a plurality of environment factors that
change and thereby cause a variation 1n a speech, and the
second environment factor being another of the plurality
of environment factors:

a second variation model learning unit that, using the plu-
rality of sample speech data, with respect to each type of
the second environment factor, estimates a parameter
defining a second variation model indicating a variation
in a speech; and

an environment-independent acoustic model learning unit
that, using the plurality of sample speech data, estimates
a parameter defining an environment-independent
acoustic model not specified as any type of the first
environment factor and the second environment factor,
wherein

cach of the learning units estimates each parameter 1n such
a way that an mtegrated degree of fitness obtained by
integrating a degree of fitness of the first variation model
to the sample speech data, a degree of fitness of the
second variation model to the sample speech data, and a
degree of fitness of the environment-independent acous-
tic model to the sample speech data becomes the maxi-
mum,

wherein the first variation model and the second variation
model are each defined by a two-stage aifine transior-
mation.

2. The acoustic model learning device according to claim 1,
wherein each of the learning units uses a probability that the
sample speech data 1s observed, represented by the param-
eters of the first variation model, the second variation model
and the environment-independent acoustic model, as the inte-
grated degree of {itness.

3. The acoustic model learning device according to claim 2,
wherein each of the learning unmits estimates a parameter by
using an iterative method based on any one of a maximum
likelihood estimation method, a maximum a posteriori esti-
mation method, and a Bayes estimation method.

4. The acoustic model learning device according to claim 3,
wherein the environment-independent acoustic model 1s a
Gaussian mixture model or a hidden Markov model.

5. The acoustic model learning device according to claim 1,
wherein the environment-independent acoustic model 1s a
Gaussian mixture model or a hidden Markov model.

6. The acoustic model learning device according to claim 1,
wherein each of the learning unmits estimates a parameter by
using an iterative method based on any one of a maximum
likelihood estimation method, a maximum a posteriori esti-
mation method, and a Bayes estimation method.

7. The acoustic model learning device according to claim 6,
wherein the environment-independent acoustic model 1s a
(Gaussian mixture model or a hidden Markov model.

8. The acoustic model learning device according to claim 1,
wherein the environment-independent acoustic model 1s a
Gaussian mixture model or a hidden Markov model.
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9. A speech recognition device comprising:
a speech transformation unit that performs, on speech data

as a recognition target acquired through the first envi-
ronment factor of a given type, inverse transform of the
variation indicated by the first variation model corre-
sponding to the given type among {irst variation models
obtained by the acoustic model learming device accord-
ing to one of claim 1, wherein

speech recognition 1s performed on speech data obtained

by the speech transformation unait.

10. A speech recognition device comprising:
a speech transformation unit that performs, on speech data

as a recognition target acquired through the second envi-
ronment factor of a given type, imnverse transform of the
variation indicated by the second variation model corre-
sponding to the given type among second variation mod-
cls obtained by the acoustic model learming device
according to one of claim 1, wherein

speech recognition 1s performed on speech data obtained

by the speech transformation unit.

11. An acoustic environment recognition device compris-

a second speech transformation unit that performs, on

speech data as a recognition target acquired through the
second environment factor of a given type, inverse trans-
form of the variation 1indicated by the second variation
model corresponding to the given type among second
variation models obtained by the acoustic model leamn-
ing device according to one of claim 1;

a first speech transformation unit that sequentially per-

forms, on speech data obtained by the second speech
transformation unit, inverse transform of the variation
indicated by each of first variation models obtained by
the acoustic model learning device according to one of
claim 1 and obtains a plurality of speech data; and

an 1dentification unit that identifies a type of the first envi-

ronment factor through which the speech data as a rec-
ognition target has passed by using the plurality of
speech data obtained by the first speech transformation
unit and the environment-independent acoustic model
obtained by the acoustic model learning device accord-
ing to one of claim 1.

12. The acoustic environment recognition device accord-
ing to claim 11, wherein the first environment factor 1s a
speaker, and the second environment factor 1s a transmission
channel.

13. An acoustic model learning method comprising:

a first acoustic model learning step that estimates a param-

cter defining a first variation model indicating a variation
in a speech for each type of a first environment factor by
using a plurality of sample speech data acquired for each
combination of one of a plurality of types of the first
environment factor and one of plurality of types of a
second environment factor, the first environment factor
being one of a plurality of environment factors that
change and thereby cause a variation 1n a speech, and the
second environment factor being another of the plurality
of environment factors:

a second variation model learning step that, using the plu-

rality of sample speech data, with respect to each type of
the second environment factor, estimates a parameter
defining a second variation model indicating a variation

in a speech; and

an environment-independent acoustic model learning step

that, using the plurality of sample speech data, estimates
a parameter defining an environment-independent
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acoustic model not specified as any type of the first
environment factor and the second environment factor,
wherein

cach of the acoustic model learning steps estimates each
parameter 1n such a way that an integrated degree of
fitness obtained by integrating a degree of fitness of the
first variation model to the sample speech data, a degree
of fitness of the second variation model to the sample
speech data, and a degree of fitness of the environment-
independent acoustic model to the sample speech data
becomes the maximum,

wherein the first variation model and the second variation
model are each defined by a two-stage aifine transior-
mation.

14. An acoustic model learning method according to claim
13, wherein each of the acoustic model learning steps uses a
probability that the sample speech data 1s observed, repre-
sented by the parameters of the first vanation model, the
second vanation model and the environment-independent
acoustic model, as the integrated degree of fitness.

15. A non-transitory computer readable medium that
records a program causing a computer to execute a process
comprising:

a first acoustic model learning step that estimates a param-
cter defining a first varniation model indicating a variation
in a speech for each type of a first environment factor by
using a plurality of sample speech data acquired for each
combination of one of a plurality of types of the first
environment factor and one of plurality of types of a
second environment factor, the first environment factor
being one of a plurality of environment factors that
change and thereby cause a variation 1n a speech, and the
second environment factor being another of the plurality
of environment factors;

a second variation model learning step that, using the plu-
rality of sample speech data, with respect to each type of
the second environment factor, estimates a parameter
defining a second variation model indicating a variation
in a speech; and

an environment-independent acoustic model learning step
that, using the plurality of sample speech data, estimates
a parameter defining an environment-independent
acoustic model not specified as any type of the first
environment factor and the second environment factor,
wherein

cach of the acoustic model learning steps estimates each
parameter 1n such a way that an integrated degree of
fitness obtained by integrating a degree of fitness of the
first variation model to the sample speech data, a degree
of fitness of the second vaniation model to the sample
speech data, and a degree of fitness of the environment-
independent acoustic model to the sample speech data
becomes the maximum,
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wherein the first variation model and the second variation
model are each defined by a two-stage ailine transior-
mation.

16. The non-transitory computer readable medium accord-
ing to claim 9, wherein each of the acoustic model learning
steps uses a probability that the sample speech data 1s
observed, represented by the parameters of the {irst variation
model, the second variation model and the environment-in-
dependent acoustic model, as the integrated degree of fitness.

17. A speech recognition device comprising:

a speech transformation unit that performs, on speech data
as a recognition target acquired through the first envi-
ronment factor of a given type, inverse transform of the
variation indicated by the first variation model corre-
sponding to the given type among first variation models
obtained by the acoustic model learming device accord-
ing to claim 2, wherein

speech recognition 1s performed on speech data obtained
by the speech transformation unait.

18. A speech recognition device comprising:

a speech transformation unit that performs, on speech data
as a recognition target acquired through the second envi-
ronment factor of a given type, imnverse transform of the
variation indicated by the second variation model corre-
sponding to the given type among second variation mod-
cls obtained by the acoustic model learming device
according to claim 2, wherein

speech recognition 1s performed on speech data obtained
by the speech transformation unit.

19. An acoustic environment recognition device compris-

ng:

a second speech transformation unit that performs, on
speech data as a recognition target acquired through the
second environment factor of a given type, inverse trans-
form of the variation 1indicated by the second variation
model corresponding to the given type among second
variation models obtained by the acoustic model leamn-
ing device according to claim 2;

a first speech transformation unit that sequentially per-
forms, on speech data obtained by the second speech
transformation unit, inverse transform of the variation
indicated by each of first variation models obtained by
the acoustic model learning device according to claim 2
and obtains a plurality of speech data; and

an 1dentification unit that identifies a type of the first envi-
ronment factor through which the speech data as a rec-
ognition target has passed by using the plurality of
speech data obtained by the first speech transformation
unit and the environment-independent acoustic model
obtained by the acoustic model learning device accord-
ing to claim 2.

20. The acoustic environment recognition device accord-

ing to claim 19, wherein the first 1s a speaker, and the second
1s a transmission channel.
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